SvABA:genome-wide detection of structural variants and indels by local assembly by Wala, Jeremiah A et al.
u n i ve r s i t y  o f  co pe n h ag e n  
Københavns Universitet
SvABA
Wala, Jeremiah A; Bandopadhayay, Pratiti; Greenwald, Noah F; O'Rourke, Ryan; Sharpe,
Ted; Stewart, Chip; Schumacher, Steve; Li, Yilong; Weischenfeldt, Joachim; Yao, Xiaotong;
Nusbaum, Chad; Campbell, Peter; Getz, Gad; Meyerson, Matthew; Zhang, Cheng-Zhong;








Publisher's PDF, also known as Version of record
Document license:
CC BY-NC
Citation for published version (APA):
Wala, J. A., Bandopadhayay, P., Greenwald, N. F., O'Rourke, R., Sharpe, T., Stewart, C., ... Beroukhim, R.
(2018). SvABA: genome-wide detection of structural variants and indels by local assembly. Genome Research,
28(4), 581-591. https://doi.org/10.1101/gr.221028.117
Download date: 03. Feb. 2020
SvABA: genome-wide detection of structural variants
and indels by local assembly
Jeremiah A. Wala,1,2,3,4 Pratiti Bandopadhayay,1,2 Noah F. Greenwald,1,2
Ryan O’Rourke,1,2 Ted Sharpe,1 Chip Stewart,1 Steve Schumacher,1,2 Yilong Li,5,6
Joachim Weischenfeldt,7 Xiaotong Yao,8,9 Chad Nusbaum,1 Peter Campbell,6,10
Gad Getz,1,3,4,11 Matthew Meyerson,1,2,3,4 Cheng-Zhong Zhang,12,13,15
Marcin Imielinski,9,14,15 and Rameen Beroukhim1,2,3,4,15
1The Broad Institute of Harvard and MIT, Cambridge, Massachusetts 02142, USA; 2Department of Cancer Biology, Dana-Farber
Cancer Institute, Boston, Massachusetts 02115, USA; 3Bioinformatics and Integrative Genomics, Harvard University, Cambridge,
Massachusetts 02138, USA; 4Harvard Medical School, Boston, Massachusetts 02115, USA; 5Seven Bridges Genomics, Cambridge,
Massachusetts 02142, USA; 6Cancer Genome Project, Wellcome Trust Sanger Institute, Wellcome Trust Genome Campus, Hinxton,
Cambridgeshire CB10 1SA, United Kingdom; 7The Finsen Laboratory, Rigshospitalet, University of Copenhagen, DK-2200
Copenhagen, Denmark; 8Tri-Institutional PhD Program in Computational Biology and Medicine, New York, New York 10065, USA;
9New York Genome Center, New York, New York 10013, USA; 10Department of Haematology, University of Cambridge, Cambridge
CB2 2XY, United Kingdom; 11Department of Pathology and Cancer Center, Massachusetts General Hospital, Boston, Massachusetts
02114, USA; 12Department of Biostatistics and Computational Biology, Dana-Farber Cancer Institute, Boston, Massachusetts
02115, USA; 13Department of Biomedical Informatics, Harvard Medical School, Boston, Massachusetts 02115, USA; 14Department
of Pathology and Laboratory Medicine, Englander Institute for Precision Medicine, Institute for Computational Biomedicine, and
Meyer Cancer Center, Weill Cornell Medicine, New York, New York 10065, USA
Structural variants (SVs), including small insertion and deletion variants (indels), are challenging to detect through standard
alignment-based variant calling methods. Sequence assembly offers a powerful approach to identifying SVs, but is difficult
to apply at scale genome-wide for SV detection due to its computational complexity and the difficulty of extracting SVs
from assembly contigs. We describe SvABA, an efficient and accurate method for detecting SVs from short-read sequencing
data using genome-wide local assembly with low memory and computing requirements. We evaluated SvABA’s perfor-
mance on the NA12878 human genome and in simulated and real cancer genomes. SvABA demonstrates superior sensitivity
and specificity across a large spectrum of SVs and substantially improves detection performance for variants in the 20–300
bp range, compared with existing methods. SvABA also identifies complex somatic rearrangements with chains of short
(<1000 bp) templated-sequence insertions copied from distant genomic regions. We applied SvABA to 344 cancer genomes
from 11 cancer types and found that short templated-sequence insertions occur in ∼4% of all somatic rearrangements.
Finally, we demonstrate that SvABA can identify sites of viral integration and cancer driver alterations containing medi-
um-sized (50–300 bp) SVs.
[Supplemental material is available for this article.]
Structural variants (SVs) are a broad class of genomic alterations
that includes deletions, duplications and insertions, inversions,
and inter-chromosomal translocations, among other more com-
plex topologies. SVs are an important source of variation in the hu-
man population (Sudmant et al. 2015) and substantially alter the
structure of the genome in cancer (Beroukhim et al. 2010;
Garraway and Lander 2013). In the germline, small to medium-
sized events between 10 bp and 10 kbp are the primary source of
structural variation (Mullaney et al. 2010). Large events (>10
kbp) and inter-chromosomal translocations are rare in the germ-
line due to stringent selection against gene dosage imbalance,
but are prevalent in cancer, where genomes are often unstable
and suffer frequent complex events (Stephens et al. 2009). The
junctions connecting two SV breakpoints may also involve the in-
sertion of novel sequences created during DNA repair (Mahaney
et al. 2009) or insertion of short fragments copied from elsewhere
in the genome (Liu et al. 2011; Zhang et al. 2015).
Although inference from short-read alignments forms the
core of most variant calling pipelines, properly aligning reads
supporting SVs is particularly challenging due to the substantial
heterogeneity of SV sizes and topologies. In contrast to single-
nucleotide variants (SNVs), which affect only single base pairs,
SVs frequently involve long stretches of the genome and are of-
ten supported by reads that are completely or partially unaligned
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(soft-clipped). Alignment is particularly inaccurate at complex
junctions that may contain sequences derived from more than
two genomic loci and at sites of integration of viral sequences
where the viral-supporting reads will be left completely
unaligned.
This diversity in SVs and indels has prompted the develop-
ment of several alignment-based approaches and tools aimed at
their detection. Small indels can often be inferred directly from
the output of gapped read aligners as in BWA (Li 2013) or from lo-
cal realignment of candidate reads as in Strelka (Saunders et al.
2012), GATK UnifiedGenotyper (DePristo et al. 2011), and
FreeBayes (Garrison and Marth 2012). Longer indel variants can
be obtained from direct realignment of clipped and unmapped
reads, as in Pindel (Ye et al. 2009), or from targeted sequence as-
semblies such as in SOAPindel (Li et al. 2013), Scalpel (Narzisi
et al. 2014), ScanIndel (Yang et al. 2015), BreaKmer (Abo et al.
2015), and laSV (Zhuang and Weng 2015). For larger SVs, the cor-
nerstone ofmost alignment-based detection algorithms is the clus-
tering of discordant mates, which are read pairs with insert sizes
and relative orientations that differ substantially from expectation
based on the physical library preparation (Tuzun et al. 2005;
Korbel et al. 2007). Discordant mate clustering is often followed
by amore focused step to realign clipped reads at the candidate var-
iant sites, such with DELLY (Rausch et al. 2012), BreakPointer
(Drier et al. 2013), and Meerkat (Yang et al. 2013). Some tools
like LUMPY perform inference directly frommultipart alignments
(Layer et al. 2014).
Assembly-based algorithms provide a fundamentally differ-
ent approach to variant calling, with global whole-genome de
novo assembly being the most comprehensive implementation.
In principle, longer contigs assembled from short reads can be
more accurately aligned to the genome, enabling more sensitive
detection of junction-spanning sequences supporting complex
indels and SVs. However, whole-genome de novo assembly can
be untenable in practice due to the large computational require-
ments, including significant amounts of memory (>60 GB for a
60× human genome) and substantial CPU time (>1000 h).
In contrast to whole-genome global assembly, local assembly
can be used to assemble only reads with an initial alignment to
some locus in the reference, significantly reducing computational
requirements. Local assembly has been applied in a targeted fash-
ion to detect SVs and indels in exons (Narzisi et al. 2014) and at
sites of candidate SVs identified by alignment-based methods
(Chen et al. 2014). Local assemblies can also be applied genome-
wide by assembling continuous small windows tiled across the en-
tire genome. Genome-wide variant detection from local assem-
blies has been described for indel and SNP detection with
Platypus (Rimmer et al. 2014) and HaplotypeCaller (DePristo
et al. 2011) and has recently been described for SVs with
novoBreak (Chong et al. 2016) and Manta (Chen et al. 2016).
Here, we describe structural variation analysis by assembly
(SvABA), a unified tool to efficiently detect SVs and indels ge-
nome-wide using local assembly. The basic idea of this approach
is to perform local assembly to create consensus contigs from se-
quence reads with divergence from the reference and to apply
this procedure to every region of the genome. The contigs are
then compared to the reference to annotate the variants. By unit-
ing the different classes of variant-supporting reads into a single
framework, we further expect that this assembly-first approach
would be effective for variants of all sizes and require few parame-
ters. We evaluate the performance of SvABA for detecting both
small indels and large SVs, a gap not well covered by current SV
analysis methods. We further evaluate SvABA’s ability to detect
multipart complex rearrangements containing previously un-
mapped or poorly mapped reads.
Results
Detection of SVs and indels with SvABA
SvABA assembles sequences from multiple classes of read align-
ments to discover SVs, indels, complex rearrangement junctions,
and sites of viral integration (Fig. 1A). Assembly is applied in local
25-kbp assemblywindows, which are tiled sequentially with 2-kbp
overlaps to cover the entire genome (Fig. 1B). In the initial read re-
trieval phase within a window, SvABA extracts all sequence reads
with significant divergence from the reference, including soft-
clipped, gapped, discordant, and highly mismatched alignments,
as well as unmapped sequences. These sequences are down-sam-
pled at sites of high-coverage pileups and trimmed to remove
lowoptical-quality bases (Phred score <5) and very low-complexity
sequences (repeats ≥30 bp) (Supplemental Fig. S1). Candidate
discordant reads are realigned to the reference with an integrated
implementation of BWA-MEM (Li 2013) to enumerate all possible
alignment sites across the genome for a single read. A discordant
read that has a candidate realignment near its mate pair, thereby
producing a more parsimonious nonvariant alignment, is dis-
carded as a false positive discordant read. SvABA then uses
discordant read clusters to connect two or more local assembly
windows together to produce a single collection of reads. This al-
lows variant-supporting reads to be assembled together regardless
ofwhich end of the SVbreakpoint they align to, thereby increasing
the power to detect large and inter-chromosomal variants
(Methods).
The collection of sequences from one or more joined assem-
bly windows are then error-corrected using BFC (Li 2015) and
FM-indexed and assembled with String Graph Assembler (SGA)
(Simpson and Durbin 2012). The assemblies are exhaustive so
that contigs are produced from each allele, providing for detection
of multiple variants in close proximity. The assembled contigs are
then aligned to the reference genome with BWA-MEM. Contigs
that align to the genome with gapped alignments produce candi-
date indels, and contigs withmultipart alignments produce candi-
date SVs (Supplemental Fig. S2). The level of support for candidate
variants is obtained by aligning the read sequences to their corre-
sponding contigs and determining the number of reads that sup-
port the variant haplotype. Variants are then scored based on
the number of supporting reads and the quality of the contig align-
ment to the reference genome (Methods).
SvABA can perform genome-wide local assembly and SV call-
ing on a 30× genome with ∼7 GB of memory and ∼40 CPU hours,
orders of magnitude faster than global assemblies. The speed and
efficiency of SvABA draws from the fusing and refactoring of sever-
al well-established C andC++ tools (SGA, htslib, BWA-MEM) into a
single unified process, enabling in-memory manipulation of ob-
jects representing sequences, alignments, and assemblies with a
minimal RAM and I/O footprint (Wala and Beroukhim 2017).
SvABA can process local assembly windows in parallel, enabling
a linear increase in speed by using additional CPU cores (set with
a simple flag). Theminimum input to SvABA consists only of a tar-
get reference genome and one ormore alignment files (BAM, SAM,
or CRAM format) produced by standard alignment algorithms.
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Sensitive detection of indels and SVs in NA12878
We used the widely studied NA12878 human genome to bench-
mark variant detection from a single germline sample. We ran
SvABA onNA12878whole-genome data sequenced to amean cov-
erage of 78.6-fold with 151-bp Illumina paired-end reads. Among
variant-supporting contigs, the median contig length was 307 bp
for indels (N50 = 330 bp) and 457 bp (N50 = 650) for SVs
(Supplemental Fig. S3). SvABA identified 4626 deletions (>50
bp), 2176 duplications/insertions (>50 bp), 634 inversions,
196,068 small insertions (≤50 bp), and 225,801 small deletions
(≤50 bp). Among small variants (≤50 bp), 97.1% were represented
in the dbSNP database. Agreement with dbSNP was highly size de-
pendent, with 97.6% of variants ≤20 bp represented in the dbSNP
database, compared with only 80.3% for variants between 20 and
50 bp (Supplemental Fig. S4). Despite this lower representation,
variants of 20–50 bp exhibited nearly the same level of variant-
spanning reads (mean 33.7 reads) as small variants (≤20 bp;
mean: 38.0 reads), suggesting that true large indels are underre-
ported in dbSNP.
SvABA integrated the different read signals to detect SVs using
assembled contig realignment, discordant read clusters, or a com-
bination of both signals. Detection of
SVs frommultipart alignments of assem-
bled contigs (as opposed to discordant
read alignments or gapped alignments)
was a particularly important source of ev-
idence for smaller variants (Fig. 2A).
Among the SVs below 75 bp, 78.3%
were identified through assembly and
21.7% from discordant reads only. We
thus find that a substantial amount of
small structural variation can be found
even in the absence of initial discordant
read signals.
We next evaluated the performance
of SvABA using two truth sets: indels
from the Genome in a Bottle (GIAB) inte-
grated call set (Zook et al. 2014) and SVs
and indels from HySA (Fan et al. 2017),
which jointly analyzes Pacific Bioscience
(PacBio) and Illumina reads. The GIAB
integrated call set provides high-confi-
dence short indels by combining 13 dif-
ferent short-read variant callers applied
to short reads sequencing data but is
not designed to detect larger variants.
The substantial length of the PacBio as-
sembly contigs makes them an appropri-
ate platform for detecting larger SVs as
well as short indels. We reasoned that
the GIAB set and SVs from HySA would
provide complementary evidence and
cover the full range of variants sizes
called by SvABA.
SvABAdetected a significantly great-
er number of small SVs and indels than
are present in the GIAB set and exhibited
a variant size distribution very similar to
that of the HySA variants (Fig. 2B).
Among the short indels (≤50 bp) called
by SvABA, 77.0% were contained in ei-
ther the GIAB or HySA call set. The pro-
portion of SvABA indels in the GIAB set was strongly size
dependent, with indels <10 bp being nearly four times more likely
to be present in theGIAB set than indels >40 bp (Supplemental Fig.
S5). Private SvABA calls were significantly enriched for heterozy-
gous variants (P < 0.001, Fisher’s exact test), which in many cases
appeared to be at sites with only one allele represented by the
HySA set.
We next used the HySA and GIAB calls as a truth set to com-
pare the detection performance of SvABA versus three SV callers:
LUMPY, Pindel, and DELLY. We selected these callers because of
their wide use in the field and because of their different approaches
to SV detection, including combinations of inference from dis-
cordant reads, split read alignments, and local sequence realign-
ment within each tool. For each of three different size regimes
(20–50 bp, 51–300 bp, and 300+ bp), we calculated the F1 score,
which is a combined measure of the sensitivity and specificity.
SvABA was sensitive to events across the full range of sizes
(Fig. 2C) and exhibited the greatest sensitivity for duplication
and insertion variants (Table 1; Supplemental Fig. S6). For medi-
um-sized duplication events between 50 and 300 bp, SvABA de-
tected 1.9-fold as many true events as the next most sensitive
A
B
Figure 1. Overview of the SvABA structural variation detection tool. (A, left) SvABA uses String Graph
Assembler (SGA) to assemble aberrantly aligned sequence reads that may reflect an indel or SV. Such
reads include gapped alignments (for indels), clipped alignments (for medium and large SVs), and dis-
cordant read pairs (for large SVs). In addition to detecting indels and SVs, SvABA can identify complex
rearrangement junctions (middle) and sites of viral integration (right). (B) The workflow for the SvABA
pipeline: (1) reads within a small window are extracted from one or multiple BAM files and discordant
reads are clustered; (2) discordant reads are realigned to the reference to remove pairs that have a can-
didate nondiscordant alignment; (3) the discordant read clusters are used to identify additional regions
where reads should be extracted; (4) the sequences are error-corrected with BFC and assembled with
SGA into contigs, and contigs are immediately aligned to the reference with BWA-MEM; (5) contigs
with multipart alignments or gapped alignments are parsed to extract candidate variants; and (6) se-
quence reads are aligned to the contig and to the reference to establish read support for the reference
and alternative haplotypes.
Structural variation detection by local assembly
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method, Pindel. For small deletions (20–50 bp), Pindel and SvABA
exhibited the greatest overall sensitivity, with SvABA identifying
1.1-foldmore variants than Pindel and with a 1.3-fold lower unva-
lidated rate. For large deletions, all four methods achieved similar
sensitivity and specificity.
SvABA uses local read depth and variant read counts to geno-
type indels and small SVs (<300 bps) using the model described by
Li (2011) for SNPs. To evaluate the genotyping accuracy of SvABA,
we jointly called variants on awhole-genome sequencing trio from
anAshkenazi Jewish family (Zook et al. 2016). Indels and small SVs
comprised 98.9% of all indels and SVs in this trio. SvABA achieved
a heterozygous/homozygous ratio of 1.1:1 for variants identified as
heterozygous in both parents (theoretical value: 1:1) (Supplemen-
tal Fig. S7). Additionally, 97.2% of variants identified as homozy-
gous in each parent were called as homozygous in the son.
SvABA achieved these results without requiring extensive
CPU or RAM allocations. A major obstacle to assembly-based vari-
ant detection has been the computational requirements needed
for de novo assembly. However, SvABA assembled the NA12878
data in 3150 CPU minutes and with 7.7 GB of memory that was
primarily used to store the indexed refer-
ence genome. Based on a test of a 33×
whole genome, SvABA required fewer
CPU resources than all other detection
tools except LUMPY and novoBreak
(Fig. 2D). With the native parallelization
in SvABA, we distributed the compute
over 12 cores to call variants in just over
5 h of wall-clock time (313 min).
Validation of SvABA using an in silico
tumor model
Detection of somatic SVs and indels in
cancer poses significant challenges be-
yond those faced in detecting germline
events. Somatic rearrangements involve
a higher rate of large and inter-chromo-
somal events (Yang et al. 2013) and are
often clustered tightly with other rear-
rangements as part of complex events
like chromothripsis (Stephens et al.
2011). Somatic variants must also be dis-
tinguished from the background of
germline variation. These challenges are
further amplified by wide variability in
relative amounts of normal and tumor
cells in tissue samples. We therefore set
out to separately validate SvABA as a
tool for detecting somatic SVs and indels.
Due to the difficulty of obtaining
gold-standard truth sets for somatic SVs
from real data, we generated an in silico
tumor-normal pair that more closely
reflects the unique challenges of SV
detection in the cancer genome. The fre-
quency of somatic copy-number events
is known to be inversely proportional to
the length of the event (Fudenberg et al.
2011; Zack et al. 2013), and we recapitu-
lated this in our simulation by creating a
range of indels and rearrangements that
mirrored this length distribution (Supplemental Fig. S8). We also
spiked in 2000 short (≤10 bp) indels to reflect the high indel rates
seen in real tumors. To simulate a sample with low tumor purity,
we mixed the simulated tumor reads with real reads from the
HCC1143BL lymphoblastic normal cell line at 30× coverage. We
then called somatic variants on our in silico tumor using SvABA,
FreeBayes, Strelka, DELLY, LUMPY, novoBreak, and Pindel.
SvABA reached the greatest overall sensitivity among the six
methods, detecting 87.4% of all variants and achieved the highest
F1 score for each size range of variants (Table 2). SvABA was mod-
estly more sensitive overall than FreeBayes and Strelka for indels
(1.1-fold increase), but captured a substantially higher number of
indels >20 bp (Fig. 3A). Pindel similarly achieved relatively broad
coverage across different sizes, but was less sensitive to insertion
variants than SvABA. DELLY and LUMPY performed similarly for
bothmedium-sized and large SVs, with LUMPY achieving the low-
er false positive rate. However, SvABA substantially improved
detection (1.6-fold increase) relative to DELLY and LUMPY for me-
dium-sized SVs at similar false positive rates. After SvABA,




Figure 2. Detection of SVs and indels in the NA12878 human genome. (A) The number of SV events
and the types of supporting evidence used by SvABA for detecting SV events of different lengths (indel
variants not shown). SVs are detected through realignment of assembly contigs (purple), discordant read
clusters (orange), or a combination of both (green). SVs with shorter lengths than the average size of the
sequencing fragments are identified almost exclusively through assembly and realignment. (B) The
length distributions of indels and small SVs in NA12878 determined from different sequencing and an-
alytical technologies: 151-base paired-end Illumina sequencing by SvABA (red), HySA calls from PacBio
sequencing data (blue), and the indel call set of the Genome in a Bottle consortium (green). (C )
Comparison of detection accuracy of SvABA, LUMPY, DELLY, and Pindel for deletions (left) and for inser-
tions/duplications (right) across three different length regimes in NA12878. The F1 score is a combined
measure of precision and recall and was calculated using the PacBio assemblies and Genome in a Bottle
(GIAB) as a truth set. (D) Total CPU and peak memory usage for several indel and SV detection tools ap-
plied to a single 33× human genome. SGACPU andmemory usage were estimated using published data
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with sizes down to 100 bp. For large variants (>300 bp), SvABA,
DELLY, novoBreak, and LUMPY exhibited largely similar perfor-
mance, with SvABA achieving the highest sensitivity by a small
margin.
We further considered how the detection performance of
SvABA would compare with the combined performance of using
both an indel caller and an SV caller together. We paired the calls
from DELLY and FreeBayes and the calls from LUMPY and Strelka
to create two examples of using combined call sets. The two
combined call sets reached similar performance as measured by
the F1 score (LUMPY + FreeBayes: 0.865; DELLY + Strelka: 0.854),
but both were lower than SvABA (0.911). In both cases, the com-
bined callers differed most greatly from SvABA for variants be-
tween 50 and 300 bp, in which SvABA detected 1.5-fold more
variants than either combined approach (Fig. 3B).
Detection performance in comparison with whole-genome
de novo assemblies
We next evaluated the performance of SvABA in real data from a
human tumor.We used data from two separate library preparation
and sequencing strategies in the HCC1143 breast cancer cell line
and its paired lymphoblastic normal line. The first data set was se-
quenced from libraries prepared with a standard Illumina PCR am-
plification step and 101-base paired-end reads. The second data set
was sequenced from libraries prepared without the PCR amplifica-
tion and using 250-base paired-end Illumina reads (Kozarewa et al.
2009).
To provide an alternative computational approach using the
250-base PCR-free reads, we performed whole-genome de novo se-
quence assembly using DISCOVAR de novo, the whole-genome de
novo assembly successor to DISCOVAR (Weisenfeld et al. 2014)
specifically designed to assemble 250-base reads. We extracted
SVs and indels from theDISCOVARdenovo assemblies by aligning
the DISCOVAR de novo contigs to the reference with BWA-MEM
and then parsed the gapped and multipart alignments to produce
variant calls (Supplemental Methods).
The three call sets exhibited substantial overlap, with the
main difference being an increased sensitivity from the longer
read lengths and a smaller sensitivity gain from thewhole-genome
de novo assembly as compared with genome-wide local assemblies
(Fig. 4A). DISCOVAR detected the highest number of somatic var-
iants (1538), followed by SvABA on the 250-base reads (1409) and
then SvABA on the 101-base reads (1016). With the standard 101-
base reads, SvABA achieved a high specificity, with 92.8% of
variants being rediscovered in the 250-base reads. When compar-
ing SvABA and DISCOVAR calls from the same data set (250-base
PCR-free reads), SvABA detected 69.9% of DISCOVAR variants;
conversely, 76.3% of SvABA variants were present in the
DISCOVAR results. Relaxing the read-support threshold for the
DISCOVAR calls increased the support for 250-base SvABA calls
to 89.1%.
Variants detected with DISCOVAR and SvABA show nearly
identical size distributions (Fig. 4B). The events that were discov-
ered by DISCOVAR but not SvABAwith either data set were highly
enriched for events occurring near centromeres (P < 0.01, Fisher’s
exact test) and in simple repeats (P < 0.01). This is consistent
with an improved ability of long reads and global de novo assem-
bly to identify variants in regions of the genome that are difficult
to align to, likely resulting from the reduced alignment ambiguity
afforded by long sequences.
Somatic rearrangements frequently involve short templated-
sequence insertion junctions
Complex events are increasingly recognized in both germline and
cancer genomes (Stephens et al. 2011; Chiang et al. 2012).
However, their detection is complicated when neighboring
Table 1. SV and large indel detection in NA12878, validated against PacBio assemblies and Genome in a Bottle indels
Deletions Duplications/insertions

























SvABA 4331 2113 1840 5377 611 325 3826 1346 192 3310 345 320
DELLY 1634 1183 1936 691 352 344 0 1 52 2 3 170
Pindel 3832 1853 1692 7005 2816 269 3153 701 104 1686 170 235
LUMPY 419 867 1357 119 93 143 0 43 153 2 41 377
Table 2. Somatic indel and SV detection performance using an in silico tumor genome
True positive rate False positive count F1 score
1–50 bp 51–300 bp >300 bp 1–50 bp 51–300 bp >300 bp 1–50 bp 51–300 bp >300 bp Overall
SvABA 0.717 0.767 0.948 65 17 27 0.834 0.866 0.973 0.911
DELLY 0.017 0.494 0.908 2 20 52 0.037 0.659 0.951 0.675
Pindel 0.289 0.323 0.176 91 4 4 0.494 0.488 0.300 0.379
LUMPY 0.005 0.354 0.935 1 1 10 0.011 0.523 0.966 0.673
novoBreak 0.000 0.474 0.833 0 2 84 0.000 0.643 0.934 0.655
FreeBayes 0.581 0.001 0.000 103 0 0 0.794 0.002 0.000 0.384
Strelka 0.621 0.001 0.000 16 0 0 0.766 0.001 0.000 0.406
LUMPY + FreeBayes 0.626 0.355 0.935 17 1 10 0.770 0.524 0.966 0.865
DELLY + Strelka 0.597 0.495 0.908 105 20 52 0.745 0.660 0.951 0.854
Structural variation detection by local assembly
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breakpoints are separated by distances on the order of the read
length or greater, due to the difficulty in aligning short sequences
covering such divergent sequences. We hypothesized that
assembly-based methods might have superior sensitivity for such
events. While inspecting the DISCOVAR and SvABA contigs
from HCC1143, we identified multiple contigs that contained
three ormore sequences with high-quality alignments to disparate
genomic loci, supporting putative complex events with multiple
neighboring breakpoints (Fig. 5A).
We therefore investigated whether SvABA could systemically
discover complex events from the HCC1143 101 base read data.
Among the SvABA contigs generated from the 101-base read
data, we found eight contigs with high-quality multipart align-
ments (Supplemental Table S1). These complex contigs were well
supported throughout their length by sequence reads, and we
found no significant difference in the mean number of break-
point-supporting reads between simple and complex events
(52.4 reads in complex, 50.4 reads in simple, P = 0.69, t-test).
There was no significant difference in
the mean mapping quality of the align-
ments between simple and complex rear-
rangements (55.1 reads in complex, 58.5
reads in simple, P = 0.17, t-test). We con-
cluded that these sequences represent
true rearrangements containing short
templated-sequence insertions (STSI),
which we define as short sequences
(<1000 bp) that match a sequence from
another genomic locus not immediately
contiguous with either rearrangement
breakpoint (Fig. 5B). Rearrangements in-
volving templated insertions have been
described in the germline at the junc-
tions of larger complex rearrangements
(Liu et al. 2011) and in cancer in the con-
text of chromothripsis events (Zhang
et al. 2015), but have not been otherwise
extensively described in cancer genomes.
Therefore, we wished to specifically vali-
date these events in HCC1143 and evalu-
ate their prevalence across other cancers.
The STSIs from single contigs were
short (median 56.5 bp), and we hypothe-
sized that additional STSI rearrange-
ments with longer insertions could be
found by clustering together chains of re-
arrangements from multiple contigs
with breakpoints separated by <1000
bp. This yielded 30 separate rearrange-
ment clusters, including those from the
single-contig rearrangements (Supple-
mental Table S2; Supplemental Fig. S9).
The median fragment size across these
clusters was 185 bp. Nine of the clusters
involved contiguous chains of multiple
STSIs, including cluster 25 that con-
tained five contiguous STSI fragments.
This cluster was supported throughout
by a DISCOVAR contig.
We also confirmed the predicted se-
quences for eight STSI junctions by per-
forming PCR spanning the junctions,
including ones identified by single and multiple contigs
(Supplemental Fig. S10; Supplemental Table S3). The rearrange-
ments were validated as somatic, as none of these junctions were
detected by PCR in the HCC1143BL normal cell line. These results
confirmboth the presence of these rearrangements and provide di-
rect evidence that the multiple breakpoints are present on the
same allele. Based on the close proximity of the breakpoints and
the results of our validation, it is likely that the remaining clusters
represent rearrangements from the same allele. Long-read se-
quencing would be required to systematically validate genome-
wide the phasing of clustered rearrangements and rearrangements
with STSI fragments longer than the library fragment size.
These STSIs are not restricted to the HCC1143 cell line but
rather appear across a range of cancers. To test whether STSI junc-
tions could be discovered across a range of tumor types, we ran
SvABA on 344 TCGA whole-genome tumor-normal pairs
(Supplemental Table S4). SvABA called 47,965 rearrangements, in-
cluding 2124 events harboring STSI junctions (4.4% of all somatic
A B
Figure 3. Benchmarking somatic variants with an in silico tumor. (A) True positive counts for indel call-
ing (y-axis) as a function of variant size (x-axis) for SvABA (red), Pindel (blue), FreeBayes (orange), and
Strelka (light blue). All callers achieved similar sensitivities for small somatic indels, while SvABA main-
tained high sensitivity for larger (>10 bp) indels. (B) Stacked bar chart of the number of SVs detected
across all SV types (y-axis) as a function of variant size (x-axis). SvABA maintained sensitivity across vari-
ants of all sizes. novoBreak had the second highest sensitivity for medium and large variants after SvABA.
Combining calls from a dedicated indel and SV caller (LUMPY and FreeBayes or DELLY and Strelka) im-
proved overall sensitivity, but still left a gap for medium-sized SVs.
A B
Figure 4. Somatic variant detection in the HCC1143 breast cancer cell line using different sequencing
and informatics approaches. (A) Comparison of combined somatic SV and indel detection in HCC1143 us-
ing: local assembly using SvABAwith 101-base paired-end reads (purple), SvABAwith 250-base paired-end
PCR-free reads (orange), or global assembly using DISCOVAR de novo on 250-base paired-end PCR-free
reads and SVlib to extract variants (green). (B) Somatic variant counts (y-axis) for DISCOVAR de novo
(250-base PCR-free reads; green) and SvABA using 101-base (purple) or 250-base PCR-free reads (orange),
as a function of variant size (x-axis). All methods have similar sensitivities across different sizes, except
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rearrangements) (Fig. 5C). The number of STSIs per tumor was
highly correlated with the number of simple events (R2 = 0.38).
Esophageal carcinomas exhibited the highest rate of STSI rear-
rangements, with a median of 13 per sample, followed by breast
cancer with six, and lung squamous carcinoma with 4.5 (Fig.
5D). Finally, although somatic rearrangements were largely medi-
ated by nonhomologous repair, somatic STSI rearrangements con-
tainedmore than twice the amount of breakpointmicrohomology
as non-STSI junctions (junctions from somatic rearrangements
>300 bp without templated-sequence insertions; 2.82 bp in STSI,
1.28 in non-STSI, P < 0.001, t-test) (Fig. 5E). Although somatic rear-
rangements are thought to be largely mediated by nonhomolo-
gous repair, the subtle but significant difference in the length of
homology between STSI and non-STSI junctionsmay reflect differ-
ent underlying mechanisms generating these events.
The prevalence of STSIs in the cancer genome suggests that
they may underlie oncogenic events. As an example of an onco-
genic driver alteration formed in part by STSI events, we identified
a focal amplification in a glioblastoma of the EGFR receptor tyro-
sine-kinase containing 52 non-STSI junctions and seven STSI junc-
tions (Supplemental Fig. S11). Many of the reads supporting STSI
junctions were initially unmapped and thus rescued by the local
assemblies.
Application: identification of viral integration and medium-sized
SVs in cancer
Insertion of DNA sequences from viral and bacterial pathogens
represents an important mechanism of oncogenesis, but these




Figure 5. SvABA identifies rearrangements with short templated-sequence insertions (STSI) derived from distant genomic loci. (A) Somatic rearrange-
ment between Chr X and Chr 11 in HCC1143 containing a 38-bp fragment of Chr 8. STSI rearrangements are identified by assembly contigs that have
multiple non-overlapping alignments to the reference. The direction of the arrows represents the strand that the contig fragment was aligned to (right-
facing is forward strand). (B) Partial view of the contig from A showing the multiple alignments of the contig to the reference and the read-to-contig align-
ments. The top three lines indicate which bp of the contig each of the three BWA-MEM alignments covers (> is forward strand alignment; < is reverse strand
alignment). The first two alignments indicate an insertion of 5 bp of novel sequence at the first junction (left), and the second two indicate 4 bp of micro-
homology at the second junction (right). The middle alignment supports the STSI fragment. These plots are automatically generated by SvABA for each
variant (in the ∗.alignments.txt.gz file). (C) STSI fragment lengths from somatic rearrangements across 344 cancer genomes (mean 86 bp). (D) Prevalence
of STSI rearrangements (x-axis) across 11 tumor types (y-axis). (ESAD) esophageal cancer; (BRCA) breast cancer; (LUSC) lung squamous cell carcinoma;
(SKCM) melanoma; (GBM) glioblastoma; (HNSC) head and neck squamous cell carcinoma; (LUAD) lung adenocarcinoma; (COAD) colorectal adenocar-
cinoma; (THCA) thyroid carcinoma; (PRAD) prostate adenocarcinoma; (LIHC) hepatocellular carcinoma. (E) Bases of breakpoint microhomology (x-axis)
for different cancer types (y-axis) for somatic STSI rearrangements (green) and somatic non-STSI rearrangements (purple). The STSI rearrangements have a
significantly higher degree of breakpoint microhomology than their non-STSI counterparts across all tumor types.
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typically do not align to the reference genome. As a proof of prin-
ciple of howSvABAmight be used to detect foreign sequence inser-
tion sites, we ran SvABA on 16 head and neck carcinomas and used
the RefSeq viral sequence database as an alternative genome to
look for evidence of integration of the human papillomavirus
(HPV). HPV is a known oncovirus in head and neck cancer and
is known to integrate into the genome of tumor cells (Parfenov
et al. 2014). SvABA identified 16 breakpoints across seven samples
where viral sequences were fused with genomic DNA (Supplemen-
tal Table S5). All of the viral junctions involved integration of HPV
16 into the genome, and were validated by comparison with Parfe-
nov et al. (2014).
We next examined the contribution of small and medium-
sized variants as potential driver events in cancer. Using the
Cancer Gene Consensus list of cancer genes, we evaluated the rel-
ative burden of somatic indels and SVs in the exons of known can-
cer genes versus noncancer genes. Across all size regimes, small and
medium-sized variants were significantly enriched in cancer genes
(P < 0.01, Fisher’s exact test) (Supplemental Fig. S12A).
Calling these 21- to 500-bp SVs may be necessary for accurate
genotyping of cancer genes. For example, we identified a 62-bp
frameshift deletion in exon 34 of NOTCH2 in a breast adenocarci-
noma (Supplemental Fig. S12B). C-terminal NOTCH2 alterations
have been found to be recurrent in B-cell lymphomas and lead to
a gain-of-function product (Lee et al. 2009). We also identified a
44-bp tandem duplication in exon 2 of the TP53 tumor suppressor
gene in a lung squamous cell carcinoma (Supplemental Fig. S12C),
indicating loss of TP53 function. Based on these findings, we ex-
pect that additional driver alterations in this size regime could be
discovered in future cancer genome analyses by incorporating
genome-wide assembly-based detection methods like SvABA.
Discussion
We found that genome-wide local assembly exhibits broad sensi-
tivity for indels and SVs across a range of variant sizes. Our assem-
bly-based approach was particularly sensitive for variants between
20 and 300 bp and robustly identified complex rearrangement
junctions containing short templated-sequence insertions and
sites of viral integration. The ability to detect such a broad range
of variants within a single framework represents an important ad-
vance toward achieving complete characterization of genomes
from short-read sequencing data. As a demonstration of how our
approach may be used to identify novel biologically relevant vari-
ants, we discovered several cases in which complex rearrangement
junctions and small SVs contributed toward driver events in
cancer.
Despite being primarily an assembly-based detection tool, we
found that integrating both assembly and alignment signals im-
proved the overall detection performance relative to either alone.
Integrative approaches that combine multiple read signals in one
inference framework, notably LUMPY and DELLY, have been pre-
viously shown to boost detection performance over any single ap-
proach. With SvABA, the addition of genome-wide local assembly
provided an important signal for discovering medium-sized and
complex variants while providing additional support for large
variants with more robust discordant read evidence. In addition
to implementing assembly-driven variant detection, SvABA pro-
vides several improvements over alignment-based approaches, in-
cluding realignment of discordant reads and pair-mate region
lookups to boost the read support without requiring any BAM
preprocessing.
There are limitations to a local assembly-based approach.
SvABA relies strongly on having sufficient variant reads to build
an assembly contig. For low-coverage genomes or for highly im-
pure tumor samples, the number of reads may not be sufficient
to provide for robust assemblies. LUMPY, DELLY, and Meerkat,
among other tools, have been specifically tuned to detect variants
in genomes with low coverage and may be more sensitive than
SvABA for low-coverage data. SvABA detection is based on the dis-
covery of pairs of joined breakpoints and identifies copy-neutral
inversions and more complex multipart rearrangements that
cannot be inferred from read depth alone. However, read depth–
based approachesmayprovide better genotyping accuracy for large
copy-number variants (CNVs) and improve detectionofCNVs that
arise through homologous recombination where accurate identifi-
cation of breakpoints is challenging. SvABA also relies on the ap-
proximately correct alignment of at least one read in a pair. Read
pairs where both ends are unaligned or incorrectly mapped will
not be accurately evaluated by SvABA. As such, although SvABA
does not rely on any one particular alignment method, the initial
alignments should be robust enough to place a sufficient number
of read pairs approximately near the breakpoints. Indeed, we ob-
served an increase in sensitivity with whole-genome de novo as-
semblies using DISCOVAR de novo, although its computational
requirementsmake it currently infeasible to apply to large cohorts.
Finally, SvABA uses BWA-MEM for contig alignment and variant
calling. Though BWA-MEM enables very rapid alignment of long
sequences to the reference, it may be more appropriate to use a
more sensitive algorithm for highly divergent queries.
Even with improved informatics approaches like de novo as-
sembly, SV detection in short-read sequencing data is ultimately
limited by the read lengths—improved detection requires technol-
ogies that produce long-range information that can fully capture
variation in repetitive regions or from highly complex rearrange-
ments. Approaches such as PBHoney (English et al. 2014),
MultiBreak-SV (Ritz et al. 2014), and HySA have been developed
for extracting larger SVs from long sequences. Alternatively,
short-reads may be tagged with DNA barcodes to yield libraries
of linked-reads (e.g., from 10x Genomics). Linked reads are also
particularly useful for long-range haplotyping of detected variants
(Zheng et al. 2016).
We found that each of the tools we benchmarked against pro-
vided excellent calls within their targeted size regimes. For in-
stance, we found Pindel to be quite sensitive for small deletion
variants, whereas LUMPY, DELLY, and novoBreak achieved highly
accurate detection of larger SVs. With SvABA, we have provided a
single method that achieves high accuracy in both these size re-
gimes and additionally covers the gap in between short indels
and larger SVs. An alternative approach to using a single caller is
to integrate results from multiples methods covering a variety of
detection approaches, as was done by the 1000 Genomes Project
to achieve broad SV sensitivity in their recent survey of 2504 hu-
man genomes (Sudmant et al. 2015). Integrating call sets is also
valuable for increasing specificity, and we expect that SvABA will
be a useful addition to large-scale sequencing efforts and consor-
tium SV calling. For instance, SvABAhas been recently used to gen-
erate somatic variant calls from 2961 cancer whole genomes as
part of the International Cancer Genome Consortium (Campbell
et al. 2017). We expect that SvABA’s low computational burden
and ease of running, and hence low cost to operate, coupled
with its broad sensitivity and applicability to germline or cancer
genomes, will continue to make it a practical and suitable tool
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Methods
Read retrieval and error correction
SvABA extracts the following reads by default: alignments with
high-quality clipped bases, discordant reads, unmapped reads,
reads with unmapped pair-mates, and reads with deletions or in-
sertions in the CIGAR string. Reads that are marked as PCR dupli-
cates, failed QC reads, and reads with homopolymer repeats >20
bp are removed before assembly. SvABA additionally considers a
read a duplicate if it has the same sequence, alignment position,
and pair-mate position as another read. Sequencing reads are er-
ror-corrected using either BFC (Cibulskis et al. 2013) (default) or
SGA (Supplemental Methods).
Discordant read realignment and clustering
The insert-size distribution for each read group is estimated from a
sample of fivemillion reads. Only read pairs with a forward-reverse
pair orientation are used for estimating the insert size. To exclude
read pairs with unusually large or small insert sizes that likely rep-
resent misalignment or true variants, the largest and smallest 5%
of insert sizes are removed from the insert-size estimation. Reads
with nonstandard pair orientations or outlier insert sizes greater
than four standard deviations from the expected insert size for
that read group are considered candidate discordant reads.
Due to the difficulty of aligning reads in nonunique regions
of the genome, most discordant reads can be attributed to map-
ping artifacts rather than true variation. To reduce the effect of
alignment artifacts on generating false positive variant calls, candi-
date discordant reads are realigned on-the-fly with BWA-MEM to
the reference genome. Candidate discordant reads with an avail-
able nondiscordant alignment of >70% of the maximum align-
ment score are removed from discordant read analysis (Fig. 2B,
step 2). Reads with more than 20 different high-quality candidate
alignments are also removed from discordant read analysis since
the true location of the read is ambiguous. The remaining dis-
cordant reads are clustered based on their orientation and pair-
mate locations. Regardless of the results of the discordant read re-
alignment strategy, the sequences of all candidate discordant reads
are used in the local assemblies.
Pair-mate lookup and assembly window merging
To improve the power for detecting large rearrangements and SVs
with breakpoints separated by more than the size of the local as-
sembly window, candidate partner loci are identified from the dis-
cordant read clusters used to indicate additional genomic loci from
which to extract reads prior to assembly. This also provides infor-
mation about the mapping quality of the pair-mates of discordant
reads, which is not typically stored in the alignment records of in-
dividual reads. To reduce the number of lookups of candidate part-
ner loci in the BAM, SvABA uses a default threshold of six
discordant reads to trigger a candidate lookup or three reads
from the case BAM when run in case-control mode.
Contig alignment and candidate variant generation
Following assembly, SvABA aligns the assembly contigs to the full
human reference using BWA-MEM and searches for evidence of
variant-supporting alignments. The most conservative alignment
for a contig is the one that aligns to within the local window
from where the reads were extracted and with no candidate vari-
ant. To explicitly check for this possibility, the reference sequence
from the local assembly window is extracted and indexed with
BWA-MEM. Contigs are aligned to this local reference and exclud-
ed from further consideration if they have a high-quality nonvar-
iant local alignment with fewer than 30 nonaligned bases and no
alignment gaps.
Candidate indels are extracted from contigs that align to the
reference with a gapped alignment, and candidate SVs are extract-
ed from contigs with multipart alignments (Fig. 2B). High-quality
secondary alignments, where a sequence fragment has multiple
possible alignments for the same bases, are retained if they have
an alignment score (AS) of >90% of themaximumAS, up to amax-
imum of 50 alignments. Although these alignments may support
true variants, they are inherently ambiguous and likely overlap re-
petitive elements that are present atmore than one copy in the ref-
erence genome. SvABA handles these contigs by reporting all the
candidate variants, one for each of the possible secondary align-
ments, in an unfiltered VCF (Supplemental Fig. S2). These candi-
date rearrangements can then be disambiguated using copy-
number data or other genome-wide analyses to select the most
likely variant from the set of candidates.
Realignment of sequence reads to assembly contigs
To obtain the read support for a candidate variant, within each as-
sembly window all the reads are aligned to both the contigs and
the local reference sequence using BWA-MEM. To be considered
a match to a contig, a read must have an AS >90% of the length
of the match and have a higher alignment score to the contig
than the reference. Clipped read-to-contig alignments are also
considered, but only the matched portion is used to indicate
read support. Alignment positions and CIGAR strings of the
read-to-contig alignments are stored as a tag within with the reads
and optionally emitted to a BAM file.
Read-to-contig alignments that span a candidate indel or
breakpoint are used to obtain the variant read count. Reads that
have an alignment of eight bases to the left and right of a variant
site are considered a variant-supporting read. For variants that
overlap simple repeats (e.g., homopolymer repeats), thisminimum
read-to-contig coverage is extended by the length of the repeat. To
facilitate rapid review of the evidence for a given contig and vari-
ant, the read-to-contigs alignments and contig-to-genome emitted
as ASCII plots in the ∗.alignments.txt.gz file (Fig. 5B).
Rearrangement and breakpoint annotation
SvABA annotates indels and SVs with breakpoint microhomology,
the sequences of breakpoint insertions, and whether the contig
contains evidence for short templated-sequence insertions
(STSI). Microhomology bases are obtained from overlapping
BWA alignments on the contig (Fig. 5B, second breakpoint).
Conversely, breakpoint insertion bases are called when there is a
gap between the two aligned fragments (Fig. 5B, first breakpoint).
Rearrangements containing three or more alignments to the refer-
ence are annotated with a STSI field in the VCF, and represent STSI
rearrangements. To be considered a true STSI rearrangement, both
the leftmost and rightmost alignments in the contig coordinates
must have a minimum BWA mapping quality of 30 and be sup-
ported by at least four breakpoint-spanning reads.
Indel variant scoring, filtering, and genotyping
Candidate indels are initially heuristically filtered to exclude vari-
ants from contigs with poor BWA mapping quality (<10), from
contig fragments with multiple ambiguous matches, and from
contigs with highly uneven coverage of supporting reads (<80%
of contig covered by a high-quality read-to-contig alignment).
Indels with an allelic fraction of <0.05 are also removed from the
final call sets. All candidate indels failing a filter are output in
the unfiltered VCF files.
Structural variation detection by local assembly
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For short-read sequencing by synthesis, the likelihood that a
read contains an artificial indel is largely determined by the num-
ber of repeats at a site, with large homopolymer stretches being
most likely to contain false indels (Ross et al. 2013). To obtain an
estimate for the probability that a variant-supporting read is an ar-
tifact, SvABA measures the number of repeats in the reference ge-
nome immediately to the left and right of indel sites. Repeats are
calculated by iteratively moving along the reference genome
away from the indel until the repeat pattern is broken, for repeat
units up to 5 bp. The repetitive sequences are reported in the
VCF files. The total length of the repeat is then converted to an er-
ror rate estimate e provided in Ross et al. (2013).
The remaining indels are scored by calculating the log-of-
odds (LOD) that a variant has a nonzero allelic fraction f versus ho-
mozygous reference ( f = 0)
LOD = log Lf
L0
= a log [ fMLE(1− e)] − a
where fMLE is themaximum likelihood estimate for f obtained from
the number of variant-supporting reads a divided by the total
number of reads k. The default LOD cutoff is 8, or 6 if the variant
is present in the dbSNP database.
SvABA will classify an event as germline or somatic if both
case (tumor) and control (paired-normal) BAM files are supplied.
This functionality can also be used to call de novo variants in trios
(mother, father, proband child) or quads. Any number of BAM files
can be supplied, and variants will be genotyped for each input
sample. To determine if an indel is somatic, we follow a similar ap-
proach to the calculations performed by MuTect (Cibulskis et al.
2013). For each candidate somatic indel, the LOD that the indel
is homozygous reference in the paired-normal ( f = 0), rather than
heterozygous ( f = 0.5), is calculated from variant and reference
read counts as above. The default LOD cutoff for somatic classifica-
tion is 6.0, or 10.0 if the variant is present at a dbSNP site (and thus
more likely to be a germline variant).
Software availability
SvABA is freely available under theGPLv3 license at https://github.
com/walaj/svaba (commit a76f160) and as Supplemental
Software.
Data access
The sequencing data from this study have been submitted to the
NCBI Sequence Read Archive (SRA; http://www.ncbi.nlm.nih.
gov/sra) under accession numbers SRX3538696 (NA12878),
SRX3538871, and SRX3546971 (HCC1143 101 base reads),
and SRX3546970 and SRX3546969 (HCC1143 250 base reads).
The DISCOVAR de novo assemblies, the simulated tumor ge-
nomes, and the somatic and large (>50 bp) variants are available
at https://data.broadinstitute.org/svaba/ and as Supplemental
Data. The germline variants (<50 bp) have been submitted to
dbSNP (https://www.ncbi.nlm.nih.gov/projects/SNP/) with batch
number 1062975 (release number B152) and submitter handle
BEROUKHIMLAB.
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